Passenger behavior and ship environment are the key factors affecting evacuation efficiency. However, current studies ignore the interior layout of passenger ship cabins and treat the cabins as empty rooms. To investigate the influence of obstacles (e.g., tables and stools) on cabin evacuation, we propose an agent-based social force model for advanced evacuation analysis of passenger ships; this model uses a goal-driven submodel to determine a plan and an extended social force submodel to govern the movement of passengers. The extended social force submodel considers the interaction forces between the passengers, crew, and obstacles and minimises the range of these forces to improve computational efficiency. We drew the following conclusions based on a series of evacuation simulations conducted in this study: (1) the proposed model endows the passenger with the behaviors of bypassing and crossing obstacles, (2) funnel-shaped exits from cabins can improve evacuation efficiency, and (3) as the exit angle increases, the evacuation time also increases. These findings offer ship designers some insight towards increasing the safety of large passenger ships.
Introduction
With recent developments in shipbuilding, many passenger ships are able to accommodate several thousands of people. Furthermore, due to a series of accidents, the safety of large passenger ships has become a worldwide concern. To address safety concerns, the Maritime Safety Committee (MSC) of the International Maritime Organization (IMO) now requires that evacuation simulations be conducted during the design process. This mandatory requirement is stated clearly in the IMO MSC/Circulation 1238 (Circ. 1238) Guidelines for Evacuation Analysis for New and Existing Passenger Ships [1] . These guidelines provide a simplified method as well as a more advanced one. The simplified method evaluates the evacuation time using relatively simple expressions, whereas the advanced method employs computer simulation to determine the evacuation time. Although it is not currently required, it is generally accepted that the advanced method will become mandatory in the near future.
Over the past two decades, a variety of evacuation models have been proposed to analyze the process of evacuation. These models have been applied to different areas of design, including architectural design [2] [3] [4] , ship design [5, 6] , train design [7, 8] , and aircraft design [9] . One of the most popular discrete evacuation models is the cellular automaton [10] [11] [12] [13] , which has the advantage of high computational efficiency because it treats time and space as discrete variables. However, because of the discrete nature of the cellular automata, this model cannot precisely evaluate the evacuation process. The social force model [14] [15] [16] ] is a continuous model that assumes that individuals are subject to physical and social forces; this model can be extended to include various types of behaviors such as overtaking [17] , waiting [18] , counter-flow collision avoidance [19] , and leader following [20] . However, this type of model is unsuited for large-scale computer simulations because the time required to calculate the interaction forces between agents increases in proportion to the square of the number of agents. Moreover, agent-based models [21] [22] [23] , 2 Mathematical Problems in Engineering in which pedestrians are represented as autonomous agents with cognitive and decision-making abilities, have become increasingly popular with recent developments in artificial intelligence. The agent-based model can be combined with the social force model [19, 24] or with cellular automata [25, 26] . Moreover, some researchers [27] [28] [29] [30] coupled their model encompassing a floor field based operational level and an adaptive tactical level component. Andresen et al. [27, 28] endowed an agent with the ability of decision-making related to pedestrian route choices in presence of fire. Crociani et al. [29, 30] took into account the impact of congestion on path planning and computational cost as well. In a small scene, their model computes faster than real-time calculations.
As such, researchers are increasingly employing the advanced computer simulation method to analyze passenger ship evacuation. For example, Ha et al. [31] developed a cellular automata simulation model, which included individuals, crowds, and the counter-flow avoidance behavior of passengers on a passenger ship, and have verified their model through the eleven tests specified in Circ. 1238 of the IMO. Park et al. [32] further validated the above-mentioned model through the comparison of simulation data and experimental data collected from real evacuation trials conducted in two full-scale ships and reported that the model met all of the requirements of each data set. Yuan et al. [33] proposed an advanced evacuation analysis based on neighborhood particle swarm optimisation, which included individual attributes, neighborhood attributes, and social attributes. They also considered the impacts of the movement of the passenger ship on evacuation dynamics. Chen and Han [34] proposed a new multigrid model based on cellular automata, which considered quantitative exit attraction, trajectory attraction, and the interaction force between passengers and found that, compared with the traditional cellular automata model, their model enhanced the continuity of the passengers' trajectories and was more accurate. Cho et al. [35] presented a velocitybased evacuation model, in which the emergency behaviors of the individual and crowd were expressed as independent velocity vectors. Their model passed the eleven tests specified in Circ. 1238. However, the aforementioned studies are not completely realistic as they ignore the interior layout of the cabins and neglect the influence of cabin obstacles on the evacuation process.
Outside the ship building community, a number of studies have addressed the evacuation of rooms containing obstacles. Varas et al. [36] simulated the evacuation of a room containing fixed obstacles using a cellular automaton. They introduced a panic parameter, making the model nondeterministic, and conducted classroom simulations. Alizadeh [37] used a dynamic cellular automaton to simulate the evacuation of a restaurant. Aik and Choon [38] introduced a modified dynamic cellular automata model that was able to take account of the effects of human emotional responses and crowd density at the exits and applied it to both classroom and restaurant simulations. However, these investigations have not considered the effect that the presence of stools may have on evacuation.
In this work, we propose an agent-based social force model to investigate the influence of cabin obstacles (tables and stools) on the evacuation process. At a decision-making level, we adopt a goal-driven model, which works in a similar way to human deliberation in planning, instead of a traditional rule-based model. At the locomotion level, we utilize an extended social force model, which includes the interaction forces between the individual, crew, and obstacles, in order to govern the agents' movements. Furthermore, the range of influence of the interaction forces is reduced to keep the computational complexity within acceptable limits. Using simulation, we study whether the model was able to endow an agent with the behaviors of bypassing and crossing obstacles and whether obstacles always hinder the evacuation process.
Model
We developed an agent-based social force model that contains submodels to account for crowd movement, path planning, and goal-driven decision-making. The agent in our evacuation model represents a passenger on a passenger ship. The crowd-movement submodel governs the movement of the crowd that decides how to travel from position A to position B. The path planning submodel plans a shortest path from the agent's current position to its targeted position. The decision-making submodel decomposes abstract goals into subgoals to create a concrete plan that contains a series of targets.
Crowd-Movement Submodel.
We combined the social force [15] and steering force [44] models to create our crowdmovement model. Social forces were used to influence the individual behavior of agents and steering forces to influence the group behavior of agents. This model assumes that each agent is affected by the desired force f de , the interaction force f between agent and wall , the interaction force f between agent and , and the resistance force f f generated by stool . Note that in the proposed model the influence of tables need not be explicitly considered since it treats a table as an area enclosed by four walls that the passenger cannot traverse.
The change of velocity k of an agent at time can be calculated by
where is the mass of agent . denotes the set of agents within the neighborhood radius of agent according to
where p and p denote the position vectors of agents and , respectively, and denotes the set of all agents. Figure 1 shows the neighborhood radius of an agent. The gray circle represents the neighborhood of the blue agent. The purple agents are considered to be neighbors of the blue agent while the green agents are not. It is worth noting that the traditional social force model considers all agents when calculating the interaction force f between the agents, which makes the simulation cumbersome and time-consuming since the time needed to calculate the interaction force between agents increases in proportion to the square of the number of agents. The current model only considers agents within the neighborhood radius when calculating the interaction force since the interaction forces beyond a certain distance (>1 m) are so small (<1 N) that they can be neglected. The desired force f de reflects the behavior that agent attempts to move at a certain desired speed V 0 = |k 0 | towards a target specified by the decision-making model. The desired force is given by
where is the characteristic time needed for agent to change his/her current velocity to the desired velocity. The desired velocity is given by
where V max is the maximum walking speed of agent and the target position p 0 ( ) of agent is determined by the decisionmaking model.
The interaction force f between agent and wall comprises three parts: the repulsive interaction force [14] f r that maintains the agent at a certain distance away from the wall , the body force [14] f b that counteracts body compression, and the sliding friction force [14] f s that impedes relative tangential motion if the agent touches the wall (see Figure 2) . The interaction force between the agent and the wall is formulated according to (5)-(9) as follows:
where , r , b , and s are constants, is the radius of agent , is the distance between agent and wall , is the agent's neighborhood radius of the agent, n denotes the normalised vector perpendicular to the wall , and t is the direction tangential the wall . It is worth noting that f r , f b , and f s are derived from the social force model. The range of influence of f r is reduced compared to the traditional social force model in order to speed up the calculation; namely, the calculation only considers walls within the neighborhood of the agent.
The interaction force f between agents and acting upon agent comprises five parts: the steering force of separation [44] f se that keeps an agent away from its neighbors (see Figure 3 (a)), the steering force of cohesion [44] f co that keeps an agent close to the local group formed by his/her neighbors (steering the agent towards the center centroid of the geometrical shape formed by neighbors, see Figure 3 (b)), the steering force of alignment [44] f al that matches the direction and speed of the agent's neighbors (see Figure 3 (c)), the body force f b that counteracts body compression, and the sliding friction force [14] f s that impedes relative tangential motion in case agents touch each other (see Figure 4) . The interaction force between two agents is formulated according to (10) as follows:
where = ‖p − p ‖ is the distance between agent and , n = ( To investigate this, our model introduced a resistance force simulating the role played by stools in an evacuation. The resistance force f f from stool impeding the movement of agent is given by
where f is a constant, st is the approximate radius of stool , and is the distance between agent and stool (see Figure 5 ).
Finally, the change in the position p ( ) of agent is given by dp
Path Planning Submodel.
We need to address the environmental representation issue before planning the shortest path towards an exit. The environment of the passenger ship is represented in the form of a graph ( , ) that contains all the locations (nodes; ) in the environment that agents may visit and all the connections (edges; ). We first set a single node called the seed node in the environment and then apply a breadth-first search to obtain all other nodes on the graph (see Figure 6 (a)). The breadth-first algorithm searches for nodes from the seed in eight directions and adds nodes to the graph if they can be reached without penetrating a wall. In this model, the spacing between nodes is set to 0.4 m (2 √ 2/5 m in the diagonal direction); however, the spacing can be changed depending on calculation accuracy and calculation time. Each edge of the graph contains the cost of traveling from one node to another. Our path planning model planned the shortest path (see Figure 6 (b)) from the current position of agent to exit by Dijkstra search algorithm [46] . We run a single instance of the Dijkstra algorithm before a simulation setting each exit as a source node and storing parents for each node discovered. Then, we obtained the shortest-path tree of each exit. The shortest path can be easily obtained by starting from a node that is closest to an agent and repeatedly searching for the parent of the node until the parent node is an exit.
We used the horizontal distance (Euclidean distance) between nodes as the cost of the edges connecting those nodes with the exception of the edges near stools. To reflect the ability to bypass stools, we increased the costs of edges near stools to a larger value such that an agent will avoid these edges in searching for the shortest path to the exit. To modify these costs, we assigned different virtual heights to the nodes near each stool according to the total distance from the center of each stool, and then costs were calculated using a trigonometric function based on the horizontal distance and the virtual height. The cost of edge is given by
where ℎ and ℎ are the virtual heights of nodes and , respectively, is the horizontal distance (Euclidean distance) between nodes and , is the radius of the passenger, is the horizontal distance (Euclidean distance) between node and stool , and ℎ max is the maximum virtual height. Figure 7 presents an example of the calculation of the cost. The virtual height ℎ max is chosen to be 1.8 m such that agents prefer to bypass the stools. However, we could specify a different value for ℎ max . If ℎ max is small, the agent might select a path that crosses the stools since the cost of that path can be lower than that of the path that bypasses the stools.
Goal-Driven Decision-Making Submodel.
In some ways, a goal-driven decision-making model mirrors aspects of human deliberation in planning. Humans prefer to select higher-level abstract goals based on their desires and then to recursively break these goals down into a plan of action that can be executed without deliberation [47] . At each update, the agent evaluates its environmental state and chooses its most desired high-level goal, which the agent then breaks down into subgoals that are subsequently satisfied in turn.
Seven goals are predefined in our model: (1) evacuate, (2) evacuate individually, (3) evacuate by following the crowd, (4) plan path, (5) follow path, (6) move to node, and (7) enter assembly station. Goals (3), (6) , and (7) are prime goals that cannot be broken down, whereas the others are composite goals that are comprised of several subgoals. At the beginning of the evacuation, an individual agent desires to evacuate and thus pursues the evacuate goal. This goal is a composite goal and cannot be executed unless it is decomposed into subgoals. As shown in Figure 8 (a), the evacuate goal can be broken down into evacuate individually and enter assembly station goals and the evacuate individually goal can be further decomposed into the plan path and follow path goals. The plan path goal is satisfied by requesting the path planning model to plan a path to the assembly station, after which it is deleted from the goal list. The agent then pursues the follow path goal that can be decomposed into a series of prime move to node goals. Each of the move to node goals contains a target node on the shortest path as calculated by the path planning model. The position of the target node is the p 0 ( ) needed in (4) . When the agent is surrounded by others it will delete the evacuate individually goal and its subgoals and add the evacuate by following the crowd goal to the goal list (see Figure 8(b) ). The process of decomposing and satisfying goals continues until all the goals have been executed. Figure 9 presents a flow diagram of an agent pursuing certain goals involved in this model and their associated responses. The rectangles denote the different goals, the rhombuses represent the judgment conditions, and the arrows indicate the direction of action flow. The number of neighbors surrounding an agent determines whether he/she evacuates individually or follows the crowd. If the number of neighbors is less than 7, the evacuate individually goal is added to the goal list; otherwise, the evacuate by following crowd goal is added. While pursuing the evacuate individually goal an agent does not consider the separation force f se and the cohesion force f co (f se = 0 and f co = 0). Note that sometimes the agent encounters congestion and cannot move to the node in time, in which case the move to node goal is not satisfied and the agent needs to plan a potentially different path to the assembly station. The agent will pursue the enter assembly station goal if this goal is satisfied and the agent can reach the assembly station; otherwise, it will execute another move to node goal with the next node in the path.
Parameter Selection
All the simulations in this paper were run on a PC with an Intel Core (TM) i5 1.7 GHz CPU and 4 GB of memory. And the model was developed using C++ in a Microsoft Visual 2013 environment. Table 1 lists the parameters of the agent movement model. Some of the parameters are relevant to the physical traits and demographics of the passengers, such as , V max , and , whereas others are related to the nature of the movement model itself. f is estimated from simulations and others are taken from the literature [1, 3, 14, 31] . A default value of parameter (except V max , ) was used for all passengers in order to minimise parameter number for the sake of robustness and adjustment while acknowledging that in reality parameter values differ somewhat among passengers. It is worth noting that the default value of se is drawn from [14] while se , co , and al have their relative proportion (10 : 2 : 4) taken from [31] . Then, we get the initial values of co and al (see Table 1 ).
We set the corridor size to 10 m × 0.8 m and analyzed the effect of parameter f on the evacuation time. In these simulations, each passenger walked across the corridor at 1.0 m/s from the left-hand side to the right. Ten simulations were run for each value of f . Figure 10 shows f against evacuation time. We selected f = 1500 kg s −1 as the default value so that it took a passenger about 2 s to traverse the stool in addition to the 10 s needed to cross the corridor when no stool was present (Figure 11 ). Figure 12 shows models of two typical underground shopping streets. One hundred pedestrians walking at 0.8 m/s were set as the initial condition. Ten simulations were run for each arrangement. Table 2 compares the evacuation times found in this study with those from a previous paper [45] , which showed a good match. The evacuation times predicted by our model come with a larger standard deviation, in agreement with the randomness of evacuation events. Moreover, our model is more efficient in calculation, taking less time.
Model Validation

Comparison with a Floor Field Model.
We investigated the computational costs of the proposed model, by running evacuation simulations of different population in the aforementioned two typical underground Strength of friction force from stools Simulation 
With obstacles shopping streets. The calculation results are shown in Figure 13 , from which it can be seen that the two sets of data show the same trend, indicating that the computational cost of the model we proposed increases linearly with the number of pedestrians. For small scenes, the model we proposed computes faster than real-time calculations. In addition, so far we have not adopted the parallel computation to speed up the calculation, but we will consider it in the future work.
Comparison with a Cellular Automaton Simulation of a
Restaurant. We compared our model with a cellular automaton simulation [37] of a restaurant 11.2 m × 7.2 m in size, with 110 persons and 18 tables (Figure 14) . The initial positions of the persons and the walking speed of 1 m/s were taken from previous studies [37, 38] . We analyzed the effect of varying the width of an exit door in the center of the left-hand wall, both with and without the presence of obstacles. As can be seen from Figure 15 , the curves matched well. The evacuation time, without presence of obstacles, diminishes as the width of the door grows until a critical width value (being 2.4 m with our model), beyond which the time no longer diminishes. The evacuation time, with presence of obstacles, decreases as the width of the door grows. Moreover, our model shows more variations when obstacles are present.
Flows in Corridors.
The empirical relation between flow and density can be represented by a fundamental diagram. It is widely used in handbooks and the design of pedestrian facilities. Furthermore, it is a quantitative benchmark for models of pedestrian dynamics [48] . We used the geometry shown in Figure 16 to compare our simulation results using different numbers (50, 100, 150, 200, 250, 300, 350, and 400) of pedestrians. The corridor was modeled as a loop to avoid the effect of inflow and outflow on the boundary conditions. Figure 17 compares the simulated corridor flows with those from fundamental diagrams. Our predictions agreed well with the fundamental diagrams, showing specific flows first increasing as the crowd density increased and then starting to decrease as the density became sufficiently high to hinder walking. Our predictions for specific human flows were also close to the experimental results of Older [42] .
Simulations and Results
Case 1: Simulation for Bypassing and Crossing Behavior.
In order to demonstrate the effect of bypassing and crossing behaviors, a simulation case with a row of stools and a table with six stools is utilized (see Figure 18 ). In this case, a passenger is located in a 10 m × 6 m cabin with a 0.6 m exit located centrally on the 6 m wall. Nine 0.4 m × 0.4 m stools are arranged in a row in the middle of the cabin and are spaced 0.2 m from each other. A 1.8 m × 0.6 m table with six corresponding stools is located 2.5 m from the exit. Assuming a passenger walking to an exit at a speed of 1 m/s, we simulated the eight scenarios shown in Figure 19 .
As can be seen from Figure 19 (a), the passenger took 10.05 s to reach the exit, if there is no stool between the passenger and the exit. Figures 19(b)-19(d) show that when a row of stools was added, the passenger preferred to bypass the stools rather than cross the stools, as this required less time (less than 12.02 s, see Figures 19(e) and 19(f) ). As the number of stools was increased, increasing the time required to bypass the stools, the passenger would cross the middle stool (Figures 19(e) and 19(f) ). The passenger took a detour, as indicated by the route in Figure 19 (g), when a table and its corresponding 6 stools were added.
Case 2: Simulation for Evacuation from the Restaurant
Area of a Passenger Ship. We conducted evacuation simulations on a restaurant area in a passenger ship as a case study. The arrangement of Case 2 is schematically illustrated in Figure 20 . At the start of the evacuation, the passengers immediately evacuate to their nearest assembly stations. Moreover, we ran a comparative simulation that had the obstacles removed. Figure 21 presents Case 2 simulation snapshots. We compared simulated passenger distributions for the different arrangements at = 8s. The passengers are blocked at the door sooner in the arrangement that included obstacles compared with the arrangement without obstacles. Figure 22 shows the cumulative percentage of evacuated passengers as a function of time for the Case 2 simulation. Surprisingly, it takes less time to evacuate from the arrangement with obstacles compared with the arrangement without obstacles, indicating that the presence of obstacles can speed up the evacuation process. Density and time are important means of identifying congestion. When the density exceeds a certain critical value (3.5 persons/m 2 ) for a period of time, the occurrence of congestion can be considered [48] . Figure 23 shows the density plots of occupant density exceeding 3.5 persons/m 2 .
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Mathematical Problems in Engineering table   Food   table   Food   table  Food  table   Food  table   Food  table   Food  table   Food  table   Figure It can be seen from Figure 23 that the blocking time in area A (the orange square marked in Figure 20 ) is longer (the maximum time is 180 s) under the scene without stools and tables. That is the reason that it takes longer time to evacuate from the arrangement without obstacles compared with the arrangement with obstacles. It is worth noting that multiple paths can be followed to reach an exit from a cabin, and path length might not be the only reasonable criterion [29, 30] (this criterion will reduce the utilization rate of doors far away from the assembly station). Other reasonable criterion will be considered in the future works. We ran the simulations a total of 2,700 times at different door widths and with different numbers of passengers to evaluate the influence of these parameters on the evacuation time. The results are shown in Figure 24 and they indicate that, for the same number of passengers, the time to evacuate with and without obstacles decreases as the width of door increases and that when the door width is fixed, the evacuation time increases as the number of passengers increases. These results are in good agreement with previous literature. Comparison of the time to evacuate with and without obstacles leads to the conclusion that the presence of obstacles in Case 2 acts to reduce the evacuation time. Scenario D. The same as Scenario 1 except that most of the tables and stools are removed, with the exception of tables A and B and their corresponding stools (see Figure 26(d) ).
Case 3: Simulation for Evacuation of a Dining
In addition, we evaluated the evacuation times for each scenario in contrast to simulations with no obstacles present. We ran 50 simulations for each scenario. The evacuation times and the time ratios between the different arrangements of each scenario are listed in Table 3 . In Scenario B, 1 for the default arrangement with obstacles (stools and tables) is 333.7 s and is greater than the 2 (311.9 s) for the arrangement without obstacles. These results can be understood if we consider that tables A and B and their corresponding stools restrict the movement of the passengers in the directions perpendicular to the outlet and limit the possible directions in which passengers can scramble towards the exit. This restriction of the passengers' movement acts to mitigate pushing near the exit, which otherwise causes additional friction effects and reduces evacuation efficiency. Furthermore, the shape enclosed by tables A and B, their corresponding stools, and the walls near the exit resemble a funnel to some extent. In order to further demonstrate that changing the clogging passengers' movement direction can affect evacuation efficiency, we ran a series of simulations using Case 4, which is discussed in the following section.
Case 4: Simulation for Changing the Movement Direction of Clogging Passengers.
We ran the simulations of Case 4 in a 20 m × 10 m cabin with different angles Φ (see Figure 28) . A 0.8 m exit is located at the center of the 10 m wall. All the passengers, aged 30-50, are uniformly distributed in a 7 m × 10 m area at the far right of the cabin. Their maximum unhindered walking speeds on flat terrain are uniformly distributed over the interval of 0.97-1.62 m/s [1] . Figure 29 presents evacuation times as a function of angle Φ for 200, 250, and 300 passengers. The results indicate that funnel-shaped exits at the bottleneck act to speed up evacuation. For the same angle, the more the passengers present, the longer the evacuation time that is needed. The trend of the curves indicates that evacuation time increases with the increasing angle Φ. In Figure 30 the results for outgoing flows through exits calculated by the proposed model are compared to some other simulation programs and experimental result of Seyfried [49] . The simulation results of the programs FDS + Evac, MASSEgress, and Simulex are extracted from [50] . The results show that we have a good match with FDS + Evac and MASSEgress software but differ a lot from the results of the software Simulex and Seyfried. The different arrangements of the experiment in many details (e.g., the geometry of the room, the initial density of the pedestrians, the walking speed of the pedestrians, and crowdedness) may contribute to the differences in the calculation results. Figure 31 presents space utilization diagram in the Case 4 simulation. The shape of the clogging passengers changes as the angle changes. Figure 32 shows the density plots of occupant density exceeding 3.5 persons/m 2 . When the density exceeds a certain critical value (3.5 persons/m 2 ) for a period of time, the occurrence of congestion can be considered. It can be seen from Figure 32 that the blocking time increases with the increasing angle Φ (the larger the red area, the longer the congestion time). When the angle is small, fewer directions of passengers scramble towards the exit and the passengers quickly pass through the exit. As the angle increases, the passengers scramble in many directions towards the exit and they are blocked at the exit (the passengers form an arch shape around the exit). Overall, obstacles near an exit that reduces the blocked passengers' movement directions act to increase evacuation efficiency.
Conclusion
Previous studies of the evacuation of passenger ships neglect to include the interior layout of the cabins and treated the cabins as empty rooms. This study investigated the influence of the tables and stools in the cabins of a passenger ship using a new agent-based social force evacuation model. In the current model, each table is treated as an area enclosed with 4 walls that the passenger cannot traverse, and the resistance force associated with stools is added to the underlying movement model in order to impede the movement of passengers. We increased the cost of graph edges, which intersect the stools in order to endow the passenger with the behaviors of bypassing and crossing obstacles. Furthermore, we increased computational efficiency by decreasing the range of influence of the interaction force.
We conducted a series of evacuation simulations with different simulation cases. The simulations verify that the proposed model provides a valuable tool to evaluate the evacuation process with obstacles present in the cabins of a passenger ship. The results indicate that the funnel-shaped exits can improve the evacuation efficiency. It is important to also identify the potential negative influence of obstacles within the cabin and to provide useful suggestions for design of passenger ships.
However, the current model does not include all of the passenger behaviors and goals that arise in an actual evacuation. In a future work, we will consider more passenger behaviors, such as finding life jackets, choosing exits with which they are familiar, or changing their evacuation routes due to long wait times. In the current work, we only considered the impact of stools on evacuation; however, in some passenger ships, tables are equipped with chairs, and the influence of chairs on the movement of passengers also needs to be addressed in the future. Furthermore, real life evacuation experiments are also needed to validate the current model.
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